A critical assumption of gene expression analysis is that mRNA abundances broadly correlate with protein abundance. However, they don't. Some of the discrepancy can be accounted for by codon usage and mRNA structure. We present a new model, called mRNA:ncRNA avoidance, and provide evidence that this model explains translation efficiency. We demonstrate strong selection for avoidance of stochastic mRNA:ncRNA interactions across prokaryotes, and that these have a greater impact on protein abundance than mRNA structure or codon usage. By generating synonymously variant green fluorescent protein (GFP) mRNAs with different potential for mRNA:ncRNA interactions, we demonstrate that GFP levels correlate well with interaction avoidance. Therefore, taking stochastic mRNA:ncRNA interactions into account enables precise modulation of protein abundance.
Introduction
It should in principle be possible to predict protein abundance from genomic data. However, protein and mRNA levels are often poorly correlated [1] [2] [3] [4] [5] [6] , which is a major barrier to precision bioengineering and quantification of protein levels. mRNA secondary structure 7, 8 discrepancy. Yet, at best, these features account for only 40% of variation, and in some instances explain very little of the observed variation 4, [12] [13] [14] . Here we show that interactions between ncRNAs and mRNAs also impact protein abundance and that such interactions have a greater effect than either mRNA secondary structure or codon usage. We measured interactions between a set of evolutionarily conserved core mRNAs and ncRNAs from 1,700 prokaryotic genomes using minimum free energy (MFE) models. For 97% of species, we find a reduced capacity for interaction between native RNAs relative to controls. Furthermore, by generating synonymously variant GFP mRNAs that differ in their potential to interact with core ncRNAs, we demonstrate that GFP expression levels can be both predicted and controlled. Our results demonstrate that there is strong selection for avoidance of stochastic mRNA:ncRNA interactions across prokaryotes. Applying this knowledge to mRNA design will enable precise control of protein abundance through the incorporation or exclusion of inhibitory interactions with native ncRNAs.
Result and Discussion
To examine if avoidance of stochastic mRNA:ncRNA interactions is a feature of transcriptomes in bacteria and archaea, we estimated the strength of all possible intermolecular RNA interactions using a minimum free energy (MFE) model 15 . If stochastic interactions are selected against, because of the capacity for abundant ncRNAs [16] [17] [18] to impact translation 19, 20 , such negative selection would be most comparable between species and readily detected for broadly conserved ncRNAs and mRNAs. We computed the free energy distribution of interactions between highly conserved mRNA:ncRNA pairs and compared this to a number of negative control interactions, which serve to show the background distribution of binding energy values ( Figure 1A ). The initiation of translation has been shown to be the rate limiting step for translation 13, 21 , therefore, we focus our analysis on the first 21 nucleotides of the mRNA coding sequence (CDS). This has the further advantage of reducing computational complexity. We also test a variety of negative control mRNA regions, which are unlikely to play a functional role in RNA:ncRNA interactions.
The mRNA controls include (1) di-nucleotide preserving shuffled sequences 22 (orange, Figure   1A ), (2) homologous mRNAs from another phylum (with compatible G+C content) (purple), (3) downstream regions 100 base pairs (bps) within the CDS (pink), (4) the reverse complement of the 5` of CDSs (green), and lastly (5) unannotated (intergenic) genomic regions (yellow). Our interaction predictions in a single model strain show that native interactions consistently have higher (i.e. less stable) free energies than expected when compared to the five different mRNA . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/033613 doi: bioRxiv preprint first posted online Dec. 4, 2015; negative controls: that is, there is a reduced capacity for native mRNAs and native ncRNAs to interact. We also compared different energy models and confirm that the MFE shift is a result of intermolecular binding (Supplementary figure 1) . We subsequently deployed the most conservative negative control (di-nucleotide preserving shuffle) and free energy model (Supplementary figure 1C) to detect if this shift for less stable binding of mRNA:ncRNA is true of all bacteria and archaea.
We calculated intermolecular binding energies for conserved ncRNAs and mRNAs from 1,582 bacterial and 118 archaeal genomes and compared these to a negative control dataset derived using a dinucleotide frequency preserving shuffling procedure 22 . This measures a property that we call the `extrinsic avoidance` of mRNA:ncRNA interactions (Supplementary figure 1A, B ), yet this approach may fail to identify genuine avoidance in cases when the G+C content differences between interacting RNAs is extreme. Measuring only extrinsic avoidance (using shuffled negative controls), we found that stochastic mRNA:ncRNA interactions are significantly underrepresented in most (73%) of the prokaryotic phyla (P < 0.05, one-tailed Mann-Whitney U test) (Figure 1B, C and Supplementary figure 4). This indicates that there is selection against stochastic interactions in both bacteria and archaea.
We next sought to establish the degree to which intrinsic G+C features of RNAs lead to avoidance of stochastic interactions ( Figure 1D ). A test of G+C composition revealed a significant difference (P < 0.05, two-tailed Mann-Whitney U test) between mRNAs and ncRNAs for 95% of bacteria and archaea ( Figure 1D , E). Therefore, either extrinsic or intrinsic avoidance signals indicate that selection against stochastic interactions and it is near-universal for the prokaryotes (97% of all strains) ( Figure 1E and Supplementary table 1, 2).
Our results clearly establish a signature of selection that acts to minimise stochastic mRNA:ncRNA interactions. However, with thousands of potential interacting RNA species in even simple prokaryotic systems 23, 24 , the complete avoidance of stochastic interactions is combinatorially unlikely, and there ought therefore to be a tradeoff between avoidance and optimal expression. To assess this, we examined the relationship between potential stochastic interactions and the variation between mRNA and cognate protein levels for four publicly available datasets from Escherichia coli (E. coli) and Pseudomonas aeruginosa 3, 25, 26 . We . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/033613 doi: bioRxiv preprint first posted online Dec. 4, 2015; generated ratios of protein-per-mRNA and computed Spearman's correlation coefficients between these and extrinsic avoidance, 5` end internal mRNA secondary structure and codon usage. Of the three measures, avoidance is significantly correlated in all four datasets (Spearman's rho values are between 0.09 -0.11 and corresponding P values are between 0.02 -1.6x10 -5 ). In contrast, 5` end mRNA structure significantly correlates in only one dataset, and codon usage significantly correlates in three of four datasets. This indicates that, despite strong selection against stochastic interactions, such interactions do significantly impact the proteome (Figure 2A cols. 4 to 7).
We also test how mRNA:ncRNA crosstalk impacts the translation of transformed mRNAs that have not coevolved with the ncRNA repertoire. We examined two available E. coli-based GFP experimental datasets 12, 14 , where synonymous mRNAs are generated for a GFP reporter gene. is randomly generated. We observe that the influence of avoidance on gene expression for randomly sampled synonymous mRNAs is strong, while endogeneous gene expression is limited. Presumably, due to negative selection pruning low avoidance mRNAs from the gene pool ( Figure 2A ).
Our results indicate that crosstalk between ncRNAs and mRNAs can impact protein expression levels. We therefore predict that taking crosstalk into account will enable the design of constructs where protein expression levels can be precisely controlled. To test this, we generated GFP constructs based on the following constraints: codon bias, 5` end mRNA secondary structure stability and crosstalk avoidance. Our constructs are designed to capture the extremes of one variable, while controlling other variables (e.g. high or low avoidance and near-average codon bias and mRNA secondary structure). The G+C content, a known confounding factor, was also strictly controlled for each construct. We selected a commercial service to perform our GFP transformations to avoid possible bias and increased the robustness of our approach 27 . We predicted that a construct where all three parameters are optimised should permit production of a . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/033613 doi: bioRxiv preprint first posted online Dec. 4, 2015; high expression construct. Consistent with predictions, our optimised construct had maximal expression (Supplementary figure 5) . Of the three parameters, avoidance showed the largest range, suggesting that tuning this parameter permits expression levels to be finely controlled (Rs = 0.56, P = 6.9x10 This study focusses on the 5` ends of the CDS, this is primarily because this region is important for the initiation of translation 13, 21 and is a consistent feature of all the genomic, transcriptomics, proteomics and GFP expression datasets that we have evaluated in this work. In smaller-scale In conclusion, our results indicate that the specificity of prokaryotic ncRNAs for target mRNAs is the result of selection both for a functional interaction and against stochastic interactions. Our experimental results support the view that stochastic interactions are selected against, due to deleterious outcomes on expression. We suspect avoidance of crosstalk interactions has several evolutionary consequences. First, as transcriptional outputs become more diverse in evolution, we expect that the probability of stochastic interactions for both new ncRNAs and mRNAs becomes higher. This will impact the emergence of new, high abundance RNAs, since selection for high abundance may be mitigated by deleterious crosstalk events. Second, we predict that stochastic interactions limit the number of simultaneously transcribed RNAs, since the . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/033613 doi: bioRxiv preprint first posted online Dec. 4, 2015; combinatorics of RNA:RNA interactions imply that eventually stochastic interactions cannot be avoided. This may in turn drive selection for forms of spatial or temporal segregation of transcripts. Finally, taking codon usage, mRNA secondary structure and potential mRNA:ncRNA interactions into account allows better prediction of proteome outputs from genomic data, and informs the precise control of protein levels via manipulation of synonymous mRNA sequences (Supplementary figure S8) . , two-tailed Mann-Whitney U test), and a low intrinsic avoidance strain (Mycobacterium sp. JDM601) has no G+C difference between mRNAs and ncRNAs (P = 0.54, two-tailed Mann-Whitney U test). (E) The x-axis shows -log10(P) for our test of extrinsic avoidance using binding energy estimates for both native and shuffled controls, while the y-axis shows -log10(P) for our intrinsic test of avoidance based upon the difference in G+C contents of ncRNAs and mRNAs. Two perpendicular dashed black lines show the threshold of significance for both avoidance metrics. 97% of bacteria and archaea are significant for at least one of these tests of avoidance. ). (E) Each cartoon illustrates the corresponding hypothesis; (1) optimal codon distribution (corresponding tRNAs are available for translation), (2) low 5` end RNA structure (high folding energy of 5` end) and (3) 
Materials and Methods
Here we summarize the data sources, materials and methods corresponding to our manuscript.
We performed all statistical analyses in R, and all other computational methods in Python 2.7 or Bash shell scripts. We explicitly cite all the bioinformatics tools and their versions.
All tables (tables S1 to S4) are available as supporting online material. All of our own sequences and scripts are available on Github including extended data tables.
(github . com / UCanCompBio / Avoidance). The other datasets are cited in the manuscript.
Evolutionary conservation
If excessive interactions between messenger RNAs (mRNAs) and non-coding RNAs (ncRNAs) are detrimental to cellular function, then we expect the signature of selection against interactions (avoidance) to be a conserved feature of prokaryotic genomes. In the following we describe where the data used to to test the evolutionary conservation of avoidance was acquisitioned, the models that we use to test avoidance and the negative controls in detail for evolutionary conservation predictions. We also investigate detect regions of avoidance on one of the core ncRNAs, the ribosomal small subunit (SSU) RNA.
Data sources for bacterial genomes
The bacterial genomes and annotations that we used for investigating mRNA:ncRNA interactions were acquired from the EBI nucleotide archive (2,564 sequenced bacterial genomes available on August 2013) (http://www.ebi.ac.uk/genomes/bacteria.html). We selected an 
Data sources for archaeal genomes
We followed a similar pipeline for archaeal genomes as described for bacterial genomes. In total we processed 240 archaeal genomes, and after filtering those that had fewer than 90% of the marker genes, we had 118 archaeal genomes for further analysis (genomes available on August 2013) (http://www.ebi.ac.uk/genomes/archaea.html). These genomes host 12,370 and 10,804 core mRNAs and core ncRNAs respectively.
Test of an (extrinsic) avoidance model
We used RNAup (version 2. In other words, this approach minimizes the sum of opening intramolecular energies and the intermolecular energy (Supplementary figure 1C) . In our model of avoidance, we test for a 4, 2015; reduction in absolute binding MFE relative to negative controls as a measure of avoidance (Supplementary figure 2A) .
After testing a variety of negative controls (e.g. dinucleotide preserved shuffled mRNAs, the 5` end of homologous mRNAs from a different bacterial phylum, 100 nucleotides downstream of designated interaction region, reverse complements, and identically sized intergenic regions), we selected the dinucleotide frequency preserved shuffled sequences as our negative control since this displayed the most conservative interaction MFE distribution (Supplementary figure 1A, B,   C) . In more detail, to serve as a negative control we compute the interaction MFE between each of the core ncRNAs and 200 dinucleotide-preserved shuffled versions of the 5` end mRNAs. A dinucleotide frequency preserving shuffling procedure is used as Gibbs free energies are computed over base pair stacks, i.e. a dinucleotide alphabet, therefore this method has been shown to be important in order to minimise incorrect conclusions 22 . We tested if the energy difference between native and shuffled interaction distributions is statistically significant using the nonparametric one-tailed Mann-Whitney U test, which returns a single P value per genome ( Figure 1C) . If the distribution of native interaction energies for a genome is significantly higher (i.e. fewer stable interactions) than the negative control, this is an indication that the genome has undergone selection for mRNA:ncRNA avoidance. To create the background density difference lines (seen in grey at Figure 1B) , we randomly selected 100 bacterial strains and plot differences between the densities of shuffled interactions.
Test of an intrinsic avoidance model
The energy-based avoidance model that we defined above is opaque to cases of "intrinsic avoidance". These are where the intrinsic properties of mRNA and ncRNA sequences restrict their ability to interact. For an extreme example, if ncRNAs are composed entirely of guanine and cytosine nucleotides, whilst mRNAs are composed entirely of adenine and uracil nucleotides, then these will rarely interact. Therefore, our energy-based avoidance measures for native and shuffled interactions will both be near zero, and thus will not detect a significant energy shift between the native and control sequences. In order to account for some of these issues, we compared the G+C difference between core ncRNAs and core mRNAs. We used a nonparametric two-tailed Mann-Whitney U test to determine if there is a statistically significant G+C difference between the two samples: G+C of ncRNAs vs G+C of 5` end mRNAs ( Figure   1D 
Sliding window analysis to detect regions of significance for avoidance on SSU ribosomal RNA
We hypothesise that heterogeneous signals of avoidance within ncRNA sequences may correspond to the accessibility of different ncRNA regions. For example, are highly avoided regions of abundant ncRNAs more accessible than those that are avoided less? To create an avoidance profile, we tested binding MFEs of native and shuffled interactions throughout the full-length SSU ribosomal RNA of Thermus thermophilus HB8 (T. thermophilus), using a one tailed Mann-Whitney U-tests to evaluate the degree of avoidance for each nucleotide in the SSU rRNA (Supplementary figure 3A, B) with a windows size of 10 and step size of 1. We selected the protein data bank (PDB) entry (4WZO) as it is one of the few ribosomal structures with associated protein, mRNA, tRNA and LSU binding data ).
Proteomics/Transcriptomics & GFP expression
We predict that mRNAs with low avoidance values will produce fewer proteins for each mRNA transcript than those with high avoidance. In order to test this, we conducted a meta-analysis of proteomics and transcriptomics data and the relationship between this data and measures of mRNA and ncRNA avoidance. In the following section we describe the origins of the data we have used and the statistical analysis we use to test whether avoidance influences gene expression.
Data sources and statistics for mRNA/protein abundance & GFP expression
We compiled our data from five protein and mRNA quantification datasets, which consist of three Escherichia coli 25, 26, 37 and two Pseudomonas aeruginosa 3, 26 . We calculated Spearman's correlation coefficients (and associated P values) between the protein-per-mRNA ratio and 5` . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a
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Sliding window analysis to detect regions of significance for avoidance on mRNAs
In order to identify a region of mRNA that is consistent and unique in the datasets that we applied evolutionary and expression analyses to we created an avoidance profile from the previously published GFP mRNAs 41 . We calculated binding MFEs using a window size of 21 with a 1 nucleotide step size, and for each region we computed the associated Spearman's correlation coefficients with P values. This analysis revealed the significance of the first 21 nucleotides on expression, this is consistent with previous results that identify initiation as the rate limiting step for translation 13, 21 . It also revealed other statistically significant regions with high correlation correlation coefficient throughout the GFP mRNAs (Supplementary figure 2A) .
mRNA design
We have shown that avoidance is a broadly evolutionary conserved phenomenon and that it is significantly correlated with protein abundance relative to mRNA abundance. We now wish to test if avoidance can be used to design mRNA sequences that modulate the abundance of corresponding protein in a predictable fashion. We use a set of GFP mRNA constructs that all maintain the same G+C content, codon adaptation index (CAI) and internal secondary structure but host either very high or very low avoidance values. This procedure was repeated for the CAI . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/033613 doi: bioRxiv preprint first posted online Dec. 4, 2015; and internal secondary structure values while maintaining a constant avoidance. The resulting 13 constructs were synthesised, transformed and expressed by commercial services (results can be viewed in Supplementary figure 5, 6A, B, C ) . In the following paragraphs we explained how we design our GFP constructs, the experimental set-up and statistical analyses.
Green fluorescence protein (GFP) mRNA design
We sampled 537,000 synonymous mRNA variants of a GFP mRNA (the 239 AA, 720 nucleotide long, with accession AHK23750, can be encoded by 7.62x10 111 possible unique mRNA variants).
In brief, these mRNA variants were scored based upon (1) CAI, (2) mRNA secondary structure in their 5` end region, and (3) mRNA:ncRNA interaction avoidance in their 5` end region.
The genome of E. coli BL21 encodes 52 unique core ncRNAs 33 , to estimate the level of ncRNA avoidance for each GFP mRNA, we sum the binding MFEs. For example, for each GFP mRNA we compute 52 independent binding MFE values for each ncRNA. In short, a higher summed MFE score for a GFP mRNA implies a higher avoidance, while a lower summed MFE score implies a lower avoidance. This approach assumes that the ncRNAs are expressed at much higher levels than GFP mRNAs (i.e.
[ncRNA] >> [mRNA]). Consequently, any potential interaction site on GFP mRNAs are likely to be saturated with ncRNA.
Finally, we selected 13 GFP mRNA constructs, while controlling the range of G+C values. These GFP mRNAs were designed to have four different aspects; extreme 5` end secondary structure (2 minimum and 2 maximum folding MFE constructs), extreme codon bias (2 maximum and 2 minimum CAI constructs), extreme interaction avoidance (2 minimum and 2 maximum binding MFE constructs) and an "optimal" construct. The optimal construct was selected for a high CAI, low 5` end structure and high avoidance. All extreme GFP mRNA constructs have near identical G+C content (between 0.468-0.480) and identical G+C contents at the 5` end (0.48). Each of the sampled GFP mRNAs is separated from other mRNAs by at least 112 nucleotide substitutions and 122 nucleotide substitutions on average (Supplementary figure 4) .
Extreme GFP transformations and determining expressions
GFP expression assays were performed as part of a commercial service offered by the University of Queensland, Protein Expression Facility. Plasmid DNA from each construct was transformed into a expression strain of E. coli BL21(DE3). Starter cultures were grown in quadruplicate from single colonies in 0.5 mL of TB kanamycin 30 μg/mL media in a 96 deep-well microplate and . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/033613 doi: bioRxiv preprint first posted online Dec. 4, 2015; 
Statistical analyses of extreme GFP data
As described, we designed extreme GFP mRNA constructs, and measured the associated . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/033613 doi: bioRxiv preprint first posted online Dec. 4, 2015; 
